To perform cartilage quantitative analysis requires the accurate segmentation of each individual cartilage. In this paper we present a model based scheme that can automatically and accurately segment each individual cartilage in healthy knees from a clinical MR sequence (fat suppressed spoiled gradient recall). This scheme consists of three stages; the automatic segmentation of the bones, the extraction of the bonecartilage interfaces (BCI) and segmentation of the cartilages. The bone segmentation is performed using three-dimensional active shape models. The BCI is extracted using image information and prior knowledge about the likelihood of each point belonging to the interface. A cartilage thickness model then provides constraints and regularizes the cartilage segmentation performed from the BCI. The accuracy and robustness of the approach was experimentally validated, with (patellar, tibial and femoral) cartilage segmentations having a median DSC of (0.870, 0.855, 0.870), performing significantly better than non-rigid registration (0.787, 0.814, 0.795). The total cartilage segmentation had an average DSC of (0.891), close to the (0.896) obtained using a semi-automatic watershed algorithm. The error in quantitative volume and thickness measures was (8.29, 4.94, 5.56)% and (0.19, 0.33, 0.10) mm respectively.
Introduction
MR imaging allows the non-invasive assessment of cartilage tissue, which is required for clinical studies, surgical treatments and drug trials. To obtain statistical significance, this assessment is usually performed on each cartilage separately (or in subregions) using morphological measures (volume, thickness, surface area or curvature) [1] . These measures require the cartilage to be segmented separately (or in subregions), a task that can significantly influence the error and reproducibility of the quantitative analysis, and has thus far proved difficult to automate, with current approaches manual [2] or semi-automatic (e.g. region growing [3] , B-spline snakes [4] and live-wires [5] ). These approaches take 30 minutes to several hours and require a skilled trained operator to obtain reproducible results.
T 1 weighted fat suppressed (FS) spoiled gradient recall images (SPGR) are the most commonly used MR sequence for cartilage assessment. They have poor cartilage-meniscus and cartilage-synovial fluid contrast and can exhibit significant imaging artifacts that obscure and artificially create defects [6] . These along with image resolution, magic angle and partial volume effects cause the problems that make accurate cartilage segmentation difficult. A few recently developed sequences reduce many of these problems [7] . In diseased knees, osteophytes, lesions and cracks are commonly observed and make segmentation more difficult.
The development of an automatic approach is desirable and has been pursued by several groups. With healthy knees, accurate segmentation results (Dice Similarity Coefficient (DSC) ≈ 0.9) were obtained by Grau using a modified semiautomatic watershed metric that utilizes prior information and requires around 10 minutes of user seeding [8] . Unfortunately, it segments all the individual cartilages as a single object, which is not sensitive enough for use in quantitative analysis. Using low field non-FS T 1 -weighted MR images, a tissue classifier has a been found to obtain reasonably accurate results on a large database of healthy and OA patients (DSC ≈ 0.8) [9] . In [10] an almost fully automatic approach has been used to segment ankle cartilages by first segmenting the bones, creating a surface mesh from which a local graph is built and two (bone and cartilage) surfaces are extracted simultaneously using two separate cost functions.
In this paper we present a model based scheme that uses localization obtained from a segmentation hierarchy as well as prior knowledge of the cartilage position and thickness variation to accurately segment each individual cartilage (patellar, tibial and femoral) in healthy knees. This scheme was validated and compared with FFD based NRR and the modified watershed approach of Grau [8] . The influence of repositioning and partial voluming effects was evaluated. Finally, we demonstrate the promise of this approach using volume and thickness quantitative measures.
Method

MR Acquisition
An inhomogeneous database of N = 20 healthy volunteers who were not known to have knee problems were imaged using a FS SPGR MR sequence; 14 scanned at 1.5T (Tesla) and 6 scanned at 3T (Tesla). No demographic information was available, however no exclusion criteria based on age or gender was used. The following acquisition parameters were used in imaging: echo times -5, 7 or 12 ms, repetition time -60 ms, flip angle -40 o , Field of view 120 mm, matrix = 512 × 512 or 256 × 256, 1.5 mm slice thickness, and 60, 64 or 70 sagittal slices. Each of the acquired images were manually segmented by an expert. Left knees were reflected across their axes and treated as right knees (Note: this is not currently handled automatically).
Segmentation System Overview
The major problem with segmenting the knee bones and cartilages from clinically relevant sequences (e.g. FS SPGR), is that both types of anatomy have poor or missing boundary interfaces. The bone is difficult to distinguish from fat, tendons and background, while the cartilage have problems with synovial fluid, meniscus and even ligaments and muscle tissue. In many applications statistical models [11] has proved to be useful at handling this type of problem. It should be noted that diseased knees are more difficult to segment, as osteophytes, lesions, intensity inhomogeneities and cracks are often found, however these are not present in our current database and our approach has not been validated on diseased knees.
This overall approach is illustrated in Figure 1 and is summarized as follows. A point distribution model represents the shape of the bones, whose variability across the database is modelled using 3D statistical shape models (SSM). A hybrid segmentation scheme based around 3D active shape models is used to segment the bones. Using the bone segmentation, the BCI is extracted and the local tissue properties of the bones and cartilages are estimated and represented using a Gaussian distribution. The initial tissue properties are then re-estimated using a 3 class expectation maximization based Gaussian mixture model performed in the local (mask) region around the BCI. This information, combined with constraints provided by a model (principal component analysis) of the thickness variation (observed in the database) is used to estimate the cartilage thickness at each point in the point distribution model. The outer cartilage surface is then extracted and this coupled bone-cartilage segmentation is voxelised. The SSM creation and bone segmentation was previously presented in [12] and this paper only provides a more detailed explanation of the cartilage segmentation. Extraction of the BCI. The BCI is the region of the bone that has articular cartilage above it. This region is determined automatically by first extracting the points on the bones which have a high probability of being on the BCI (determined from the training database). Using this initial BCI we then, 1. Estimate the cartilage tissue parameters which are modeled as a Gaussian distribution.
-The distribution is estimated from samples extracted along a 1D profile g, normal to the surface at each point in BCI to the strongest negative gradient within 6.5 mm (supersampled at twice the in-plane resolution using cubic B-spline interpolation). 2. Consider all points who have two neighbors on the BCI (via triangulation).
-If a point has at least 30% of the samples cartilage tissue then add point to current BCI. 3. Converged when the number of points on the BCI remains unchanged else Goto 2.
Cartilage Segmentation. The first stage of the segmentation process refines the estimate of the tissue properties used in the BCI extraction and generates a distance image from each of the bones. This is achieved by first creating a binary mask of voxels that are above and within 6.5 mm of the BCI. Inside this masked region an estimate of the tissue properties is obtained using an expectation maximization gaussian mixture model (3 classes, initialized using previous estimate of bones, cartilage and other (tissue between bone and cartilage intensities). From the tissue properties, a cartilage tissue probability image is generated (Gaussian based with values above the mean given a probability of 1). This is used as input to the cartilage segmentation algorithm, which operates as follows:
Until range is 0.
1. For each point i on BCI find thickness ti.
-Assume that the position j along the profile g that maximizes the MR image gradient and internal probabilities (p) (F (gj , pj ) = max(
corresponds to the correct outer cartilage edge. 2. Parameterize and reconstruct likely thickness using model of thickness variation (trained from normal patients). 3. Enforce BCI boundary constraints. 4. Set ti to 0 for points that do not have an overall probability of having 50% cartilage tissue. 5. Decrease capture range by reducing search range around ti.
After convergence the coupled bone-cartilage model is voxelised and the distance map is used to relabel overlapping voxels to their nearest cartilage interface.
Non-Rigid Registration
There are many ways of performing NRR, a popular method, due to it's general applicability, transparency and computational efficiency is the FFD approach first proposed by Rueckert [13] . In this paper, normalized mutual information was used with a total of 6 hierarchical levels (including the affine), each level decreased the spacing between the control points by half (20, 10, 5, 2.5 and 1 mm). The computational load was reduced by using a dilated mask to restrict the set of active control points.
Validation
The validation of the segmentations are presented using three volume-based measures, sensitivity (= T P /(T P + F N )), specificity (= T N /(T N + F P )), DSC (= 2T P /(2T P + F P + F N )) where T P is true positive, T N is true negative, F P is false positive and F N is false negative of the automatically obtained binary bone segmentation compared to the expert binary manual segmentation. The experiments were leave-one-out, with the robustness to initialization tested by segmenting each case 19 (N-1) times, each time using a different initialization (case as the atlas). Due to the high computational load, the NRR was only performed using two different atlases (case 6 and 15).
Results
As can be seen in Table 1 and Figure 2 our approach obtains much better sensitivity, specificity and DSC than NRR. The results obtained by our approach and NRR followed a similar trend across the cases (Figure 2 ) varying mainly depending on the image quality. A qualitative illustration of the difference in quality between our approach, manual segmentation and NRR is illustrated in Figure 3 .
At low resolutions (cases 16 to 20) the results were slightly lower, however, the images were much noisier with much less contrast between the cartilages and surrounding tissue. This was especially true for cases 17 and 19 were very the low contrast resulted in none or very poor delineation (Figure 4 ) with few distinctive gradients found on the outer cartilage interfaces. Overall the primary cause of segmentation error was regions affected by partial voluming and other signal decreases. This occurred primarily around the edges and thin regions of the cartilages, it was also observed in regions of high curvature (in slice thickness direction). This problem could be reduced by using certain MR sequences and acquisition parameters. In a few cases small errors were also observed between the femoral and tibial cartilages (e.g Slice 48 in Figure 3) . The approach was quite robust to initialization (atlas choice) with failures in cartilage segmentation only observed (with the exception of case 17) when the previous bone segmentation had failed (failure rate of bone 3.60% [12] ). We further validated our approach using the data of the fourth subject used in [8] . This subject was scanned four times to evaluate the effect of partial voluming and repositioning, with the ground truth segmentation of each scan obtained using STAPLE from ten manual segmentations performed by two experts (each five times). As can be seen in Table 2 , the values of sensitivity, specificity and DSC for the total cartilage (patellar, tibial and femoral) were similar, with the lower sensitivity and higher specificity of our approach indicating it slightly undersegments compared to the modified watershed algorithm. The primary advantage of our approach is that it does not require any user interaction and each Poor delineation between cartilage interfaces cause our approach (and NRR) to fail. Table 2 . Average (from 5 segmentations) of the total cartilage (patellar, tibial and femoral) results obtained using our algorithm compared to the improved watershed approach of Grau [8] . Only the total cartilage was compared as Grau's approach cannot obtain the individual cartilage segmentations that are necessary to perform statistically significant quantitative analysis cartilage is segmented and labelled separately, which is essential for quantitative analysis. The effectiveness of this approach for quantitative analysis was evaluated using two quantitative analysis measures (volume and thickness). The volume was estimated directly from which we found that the (manual, automatic) segmentations had an average volume of (4245, 3912), (6026, 6056) and (14703, 14463) mm 3 and average absolute volume difference error of 8.29%, 4.94% and 5.56% for the patellar, tibial and femoral cartilages respectively (excluding case 17). The thickness was calculated from the whole BCI using an approach based on [14] , from which obtained an average absolute thickness difference of (0.19, 0.33, 0.10 mm) for the (patellar, tibial, femoral) cartilage (excluding case 17).
Discussion and Conclusion
In this paper we have presented a segmentation scheme that automatically and accurately obtains cartilage segmentations from healthy volunteers. The complete scheme is fully automatic and has a reasonable computation time (slightly over an hour). Each cartilage is obtained as a separate object, which is essential for performing statistically significant quantitative analysis. We also found that the results did not vary significantly due to repositioning and partial voluming effects, which is critical as these effects are impossible to avoid. Using this scheme for quantitative analysis obtained an average absolute volume difference error of only 8.29%, 4.94% and 5.56%.
Future work is focused on further improving the segmentation results by increasing the size of the training database and including additional information, including localized tissue and texture models and explicit curvature constraints. This is primarily aimed at improving the segmentation accuracy at the poorly delineated cartilage-cartilage interfaces and towards the thinner cartilage boundaries. Future research will be focused on validating this scheme on the more complex problem of diseased knees.
